Abstract Water table depth (WTD), soil texture, and growing season weather conditions all play critical roles in determining agricultural yield; however, the interactions among these three variables have never been explored in a systematic way. Using a combination of field observations and biophysical modeling, we answer two questions: (1) under what conditions can a shallow water table provide a groundwater yield subsidy and/or penalty to corn production?; and (2) how do soil texture and growing season weather conditions influence the relationship between WTD and corn yield?. Subfield-scale yield patterns during a dry (2012) and wet (2013) growing season are used to identify sensitivity to weather. Areas of the field that are negatively impacted by wet growing seasons have the shallowest observed WTD (<1 m), while areas with consistently strong yield have intermediate WTD (1-3 m) . Parts of the field that perform consistently poorly are characterized by deep WTD (>3 m) and coarse soil textures. Modeling results find that beneficial impacts of shallow groundwater are more common than negative impacts under the conditions studied, and that the optimum WTD is shallower in coarser soils. While groundwater yield subsidies have a higher frequency and magnitude in coarse-grained soils, the optimum WTD responds to growing season weather at a relatively constant rate across soil types. We conclude that soil texture defines a baseline upon which WTD and weather interact to determine overall yield. Our work has implications for water resource management, climate/land use change impacts on agricultural production, and precision agriculture.
Introduction
To feed a growing global population while minimizing negative effects of land use change, increasing yield on existing agricultural land is critical [Cassman, 1999; Foley, 2005; Mathews and Tan, 2009; Foley et al., 2011] . Producing more food on the same land requires closing of the ''yield gap,'' or observed yield below potential yield, on a field scale [Licker et al., 2010; Van Ittersum et al., 2013] . One of the primary drivers of yield gaps in rainfed agriculture is the imperfect distribution of water in both space and time [Lobell et al., 2009] , with the water-limited potential yield being partially controlled by soil characteristics [Licker et al., 2010; Van Ittersum et al., 2013] . Closing yield gaps requires responding to yield variability on a subfield scale, such as through precision agricultural practices (e.g., variable rate water application). This requires a detailed understanding of the interactions between potential drivers of fine-scale spatial variability in yield [de Sousa et al., 1995; Lark et al., 1998; Bakhsh et al., 2000] . A poorly understood component of the soil-plantatmosphere continuum is the role of shallow groundwater as an in situ driver of yield variability, and little is known about the influence of soil texture and interannual weather variability on this relationship [Ayars et al., 2005] .
A great deal of agronomic literature over the years has been dedicated to studying both insufficient water [Hiler et al., 1971 [Hiler et al., , 1974 Hunsaker and Bucks, 1987; Garside et al., 1992; Bergez and Nolleau, 2003; Brown and Rogers, 2006; DeJonge et al., 2012; Dom ınguez et al., 2012] and short-term flooding [Purvis and Williamson, 1972; Sullivan et al., 2001; Zaidi et al., 2003 Zaidi et al., , 2010 Ferreira et al., 2007; Yasumoto et al., 2011] as drivers of yield loss. Over the past several decades, a small but growing body of research has been exploring the role of groundwater in both causing oxygen stress and alleviating water stress [Hiler et al., 1971; Allred et al., 2003; Ayars et al., 2006b; Nelson et al., 2011; Jaynes, 2012; Skaggs et al., 2012] . Here, we define ''oxygen stress'' and ''water stress'' following Hiler et al. [1971] . Oxygen stress refers to a reduction in plant photosynthetic capacity due to oxygen deficiency in a plant's root zone, and water stress to a reduction in photosynthesis as a result of insufficient water supplies in the root zone. In practice, critical thresholds for water and oxygen stress are difficult to identify. Oxygen stress and water stress can even occur in different parts of the same field, or at different times during the growing season, depending on local conditions [Galganov, 1991; Zaidi et al., 2008; Nosetto et al., 2009] .
One potential driver of different stress regimes is the presence of shallow groundwater, which can increase oxygen stress in poorly drained soils [Hiler et al., 1971; Yasumoto et al., 2011; Kemper et al., 2012] or ameliorate water stress in dry regions [Follett et al., 1974; Benz et al., 1981; Sepaskhah et al., 2003] . When available at the right times, groundwater can be an important source of water for many agricultural crops, accounting for over 50% of total crop water use in some studies [Kruse et al., 1993; Hutmacher et al., 1996; Ayars et al., 2009; Gowing et al., 2009; Ghamarnia et al., 2011; Karimov et al., 2014; Talebnejad and Sepaskhah, 2015; Wu et al., 2015] . This is especially true during years with lower-than-average precipitation, when soil water availability is the dominant driver of yield variability [Wright et al., 1990] . Even where roots do not reach the water table, shallow groundwater can augment soil moisture supplies via an increased capillary contribution [Stuff and Dale, 1978; Ragab and Amer, 1986; Kang et al., 2001] ; previous studies indicate that there is a critical range of WTD over which the presence of shallow groundwater may exert a large influence over surface processes Maxwell and Kollet, 2008; Condon and Maxwell, 2014] The ability of a shallow water table to contribute to crop yield, however, is largely dependent on the soil water retention characteristics that govern both infiltration of rainfall down through the root zone and capillary rise from the water table to the root zone [Vereecken et al., 2015] . Soil water retention characteristics have been demonstrated to exert a strong control over the relationship between water table depth (WTD) and total growing season evapotranspiration (ET) in natural ecosystems [Soylu et al., 2011] . Previous studies in the agricultural literature have attempted to use soil texture (e.g., % sand/silt/clay and soil textural classification) as a predictor of crop yield due to the relationship between soil texture and soil water retention [Van Genuchten, 1980; Carsel and Parrish, 1988; Saxton and Rawls, 2006; Weynants et al., 2009; Vereecken et al., 2010] . This is due to the fact that plant productivity depends on a soil's ability to both retain and supply water to a growing crop [Leeper et al., 1974] . However, the influence of soil texture on soil water is highly nonlinear, making simple texture-yield relationships difficult to develop and understand [Clapp and Hornberger, 1978; Campbell, 1985; Van Genuchten and Leij, 1992; Vereecken et al., 2010] . This is further complicated by the fact that soils with the same textural parameters can have drastically different structures and therefore water retention behaviors due to variability in soil compaction, organic content, or aggregation [Connolly, 1998] . Furthermore, relationships between yield and available soil water can exhibit threshold behavior, where differences in soil water exert relatively little influence over yield until a critical threshold is reached [Calvino et al., 2003 ].
Due to the difficulties of measuring and analyzing groundwater and soil textural data, many studies instead use topography as a proxy. Previous work has shown that topographic features, such as slope position and overall elevation within a field, can drive persistent variations in yield on a field scale [Kravchenko and Bullock, 2002a,b; Kravchenko et al., 2003] . However, these topographic features typically manifest themselves as differences in soil texture and water availability-for example, Changere and Lal [1997] found that downslope positions outperformed upslope positions by a greater margin in drier-than-average years, indicating water availability as the underlying mechanism causing yield differences. Huang et al. [2008] and Kumh alov a et al. [2011] noted interannual variability in the relationship between topography and yield, which may be attributable to differences in water availability and growing season weather. Similarly, Delin et al. [2000] found highest yield in local depressions where topography focuses groundwater recharge. A study in Mississippi showed that soil property variability (% sand/clay, hydraulic conductivity, bulk density) explained more yield variability than focusing solely on topographic (slope, aspect) or hydrologic (flow length and direction) properties [Iqbal et al., 2005] .
These conflicting results indicate that the interactions between soil texture, WTD, and growing season weather conditions that drive variability in yield on a subfield scale remain poorly understood. Recent global analyses of WTD data indicate groundwater may be within or near the root zone on 22-32% of terrestrial land area [Fan et al., 2013] , and improving our understanding and modeling of the interactions between shallow groundwater and aboveground productivity has recently been identified as a critical
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research priority [Fan, 2015] . Our study focuses on the implications of oxygen and water stress to investigate the diverse relationships between groundwater and crop yield through the framework of the groundwater subsidy, which is the additional plant water use in the presence of shallow groundwater compared to free drainage conditions [Lowry and Loheide, 2010; Soylu et al., 2014] . In agroecosystems, yield is usually a more relevant indicator of the potential positive and negative impacts of shallow groundwater than total plant water use; therefore, we introduce the concept of a groundwater yield subsidy, which is the increase in yield in the presence of shallow groundwater compared to free drainage conditions (Figure 1 ). The groundwater subsidy (quantified as a depth of water) and groundwater yield subsidy (quantified as harvested biomass) are directly related via a plant's water use efficiency (harvested biomass per depth of water transpired). When shallow groundwater hurts production via oxygen stress, the groundwater yield subsidy is negative and can be thought of as a groundwater yield penalty.
Using a combined field and modeling approach, we investigate two questions: (1) under what conditions can a shallow water table provide a groundwater yield subsidy and/or penalty to corn production?; and (2) how do soil texture and growing season weather conditions influence the relationship between groundwater and corn yield? Figure 1 shows a conceptual diagram of the hypothesized relationships between a shallow water table and corn yield. We expect that shallow groundwater will provide a groundwater yield subsidy during dry years by alleviating water stress, but can lead to a groundwater yield penalty during wet years by enhancing oxygen stress. Furthermore, we hypothesize that finer soils and wetter growing seasons will act similarly, shifting the optimum WTD deeper due to an increased likelihood of oxygen stress and more soil moisture storage, while coarser soils or drier growing seasons will do the opposite.
Methods
Study Site
The study site, described in Zipper and Loheide [2014] and Y. Kang et al. (How universal Other than planting and harvest, the two fields were managed identically. In 2012, planting dates were 26 April (North) and 10 May (South), and harvest dates were 5 September (North, for silage) and 25 October (South, for grain). In 2013, planting dates were 9 May (North) and 3 June (South) and harvest dates were 14 November (North, for grain) and 15 November (South, for grain). Planting densities were 13,760 plants ha 21 for a targeted stand density of 12,150 plants ha 21 . In both years, manure was spread over the fields prior to planting, and N fertilizer was both side-dressed during planting and applied in mid-June via soil injection. Total manure and fertilizer application rates were greater than recommended by UW-Extension and therefore nutrient stress should be minimal in the field [Laboski et al., 2006] . 
Field Methods
Our data collection was motivated by two separate but related sampling goals. The first goal was to accurately characterize groundwater and soil textural patterns over the entire study site to provide a context for analyzing year-end yield response. The second was to provide rigorous validation data for our biophysical model with detailed monitoring throughout the growing season at 3 points within the field. Both of these techniques are described below.
Yield Data
Spatially distributed yield data were collected by the farmer during harvest using a John Deere 9660 combine with Greenstar yield monitoring technology (Deere & Company, Moline, IL), which has sucessfully been used to analyze yield variability in other studies [Nosetto et al., 2009] . The spatial resolution is defined by the width of the harvesting apparatus, the speed of the combine, and the length of time between measurements. In our field site, the harvesting apparatus was 6 m wide, and readings were typically taken every 1-2 s, for an average yield data point (polygon) size of 28.4 m 2 . We postprocessed the data to eliminate polygons where turn-around effects were obvious, as well as any polygons smaller than 6 m 2 , or where reported yield were above the record reported for Dane County WI (20.52 Mg ha 21 ). In 2012, strips around the edges of the North Field were harvested approximately 2 weeks before the rest of the field to check moisture content, and these areas were also eliminated from analysis.
To compare among different field sites, different years, and different products (grain versus silage), yield maps for each field were normalized and reported as z-scores, where z 5 (Y -Y M )/l, where Y is the yield for a given polygon, Y M is the mean yield, and l is the standard deviation of yield for that field and growing season [Kravchenko and Bullock, 2000] . 
Sensitivity Classification
To quantitatively analyze yield patterns, we modify the Relative ET sensitivity classification technique described in Zipper and Loheide [2014] to work with yield (rather than ET) data. In brief, our sensitivity classification uses the differences between normalized yield in a dry year (2012; Figure 2e ) and a wet year (2013; Figure 2f ) to detect spatially variable responses to growing season weather conditions ( Figure 3a ). This method combines the remote sensing techniques of binary-image change detection [Singh, 1989 ; Lu et al.,
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2004] and vegetation index anomaly detection (e.g., ''green island'' mapping, which has previously been used to locate groundwater-dependent ecosystems) [Contreras et al., 2011; Eamus et al., 2015] . For this study, a circle with radius 1 centered at the origin ( Figure 3a ) defines the polygons that are consistently medium-these parts of the field are within 1 standard deviation of the field average, whether it is a dry or wet year. Polygons outside this circle with a normalized yield >0 in both wet and dry years are classified as consistently strong, and polygons outside this circle with a normalized yield <0 in both years are consistently poor. All three of the consistent classes indicate parts of the field where performance is less dependent on growing season precipitation, relative to the rest of the field (note that this does not mean that absolute yield is consistent from year to year). In the upper left and lower right quadrants, polygons show a strong yield response to different growing season weather conditions. Polygons outside the consistently medium circle with a dry year normalized yield of <0 and a wet year normalized yield of >0 are classified as drought sensitive, meaning they perform worse in dry years than wet years relative to the rest of the field. In contrast, areas outside the consistently medium circle with a dry year normalized yield of >0 and a wet year normalized yield of <0 are classified as wet sensitive, meaning they perform relatively worse in wet years than dry. 2.2.3. Water Table Measurement , Gap-Filling, and Interpolation Groundwater monitoring wells were installed at 11 points in and around the field (Figure 2a ) during the 2012 growing season, and 14 points during the 2013 growing season. Sites off the edges of the field were installed prior to the 2012 growing season; the rest of the wells were installed within 3 weeks of planting at the beginning of the 2012 and 2013 growing seasons and removed prior to harvest each year. Wells were constructed of 3.8 cm diameter PVC pipe and a 61 cm well screen. Wells were installed by hand augering, which allowed for sampling and characterization of the soil profile during installation. At sites where a gravelly layer impeded augering, 3.2 cm diameter steel drive-point wells with a 91 cm screen were installed. Well depths varied depending on water table depth, but were generally >1.5 m below the water table at the time of installation. The bottom meter of the borehole was packed with a pea gravel filter pack and the rest of the augered hole was back-filled and packed with soil from approximately the same depth. A 5 cm layer of bentonite was placed at the contact between the well casing and the ground to prevent preferential flow down the annular spacing surrounding the borehole. After installation, Onset HOBO U20 Water Level Data Loggers were deployed in each well to monitor groundwater depth at 15 min resolution.
For both model simulations and groundwater metric calculation, a groundwater record of the entire growing season is required. During the 2012 growing season, severe drought ( Figure 2e ) caused the water table to drop below the bottom of the wells during late June and early July. Due to both this incomplete record and fewer wells in the North Field, 2012 water table data are excluded from subsequent analysis. However, during the period of record in 2012, the gradient and shape of the water table was similar to that observed in 2013, indicating that areas with shallow groundwater in 2013 correspond to areas that also had shallow groundwater in 2012. In 2013, each well had slightly different periods of record depending on installation and removal dates, and most wells were installed after planting. To complete the groundwater record for the period from 23 April 2013 (the earliest that data from several wells was available) to 8 October 2013 (the date most wells were removed), we used an iterative regression approach to gap-fill records in order of the least missing data to the most missing data. Groundwater levels before 23 April and after 8 October, when very few wells were available for gap-filling, were set as the growing season mean.
Once a complete growing season record was assembled for each well, the data were used to obtain spatially distributed WTD estimates over the field. While a variety of interpolation techniques have successfully been used to spatially distribute data from wells [Desbarats et al., 2002; Sun et al., 2009; Peeters et al., 2010] , we used a linear interpolation approach at 1 m spatial resolution based on a LIDAR-derived digital elevation model (DEM; Figure 2a ) due to our high well density and small study domain. First, groundwater well data were downsampled to 3 h. For each time step, if groundwater levels were above the land surface at any well, we created a pond defined as all the continuously connected pixels where the water surface elevation (WSE) exceeds the land surface elevation. Then, WSE from each of the groundwater monitoring wells and pond pixels were used as locations with known WSE values for linear interpolation and extrapolation over the rest of the field. Data from the well in the northeast corner of the field were excluded from interpolation, as it appeared to be recording a perched water table on top of a small clay lens, though including this well does not substantially change any results or interpretation.
A variety of commonly used WTD metrics were calculated for each yield polygon, including the maximum 7 day mean high WTD, the growing season mean, means for individual months during the growing season, and several sum-exceedance-based values [Kanwar, 1988; Calvino et al., 2003; Henszey et al., 2004; Nosetto et al., 2009] . We use the maximum 7 day mean high WTD for the 2013 growing season (Figure 2b ) for the rest of our analyses, as it reflects the depth of shallow groundwater at a duration sufficiently long to impact physiological processes [Henszey et al., 2004] .
Soil Sampling
Soil sampling was carried out during the 2014 growing season at 52 sampling points randomly selected from a 30 m grid and the 9 well/soil monitoring locations within the field, for a total of 61 sampling points (Figure 2a ). Verity and Anderson [1990] found that yield variability was tied to the soil quality of the top 5 cm, indicating that understanding the textural variability of soils near the surface (where most of the roots are found and water is entering the unsaturated zone) is most critical to understanding the impact of soil on yield. For this reason, gridded soil samples were concentrated near the surface. At each of the 61 points, we collected an undisturbed soil core from a depth of 5-7.5 cm using a slide hammer. We saturated this core in a 298 kPa vacuum for 24 h. Following saturation, the sample was weighed, oven-dried for 24 h and weighed again. Porosity was calculated as (M S -M D )/V and bulk density as M D /V, where M S (g) and M D (g) are equal to the saturated and dry mass of the sample, respectively, and V is the sample volume (106.3 cm 3 ). Each soil sample was split into three subsamples to measure particle-size distributions in a Coulter LS230 laser particle analyzer following the technique described in Arriaga et al. [2006] . The complete particle-size distribution from the subsample with the median d50 grain size was then used to calculate percent sand/silt/clay and the median particle size at each site.
Agroecosystem Modeling 2.3.1. Model Description
We use the model AgroIBIS-VSF, which is a fully coupled combination of Agro-IBIS and HYDRUS-1D [Soylu et al., 2014] . Agro-IBIS is a dynamic, process-based vegetation and agroecosystem model capable of simulating both natural and managed ecosystems that has been used and validated widely around the U.S. for a variety of land covers [Kucharik et al., 2000; Kucharik and Brye, 2003; Kucharik and Twine, 2007; VanLoocke et al., 2010; Sacks and Kucharik, 2011; VanLoocke et al., 2012; Motew and Kucharik, 2013] . AgroIBIS-VSF uses the soil water and soil heat flux components of HYDRUS-1D [ Simůnek et al., 2009] , which simulates vadose zone water movement using the Richards' equation and has previously been used to simulate interactions between shallow groundwater and vegetation with success [Shah et al., 2007; Luo and Sophocleous, 2010; Soylu et al., 2011; Awan et al., 2014; Karimov et al., 2014] . The coupled AgroIBIS-VSF model simulates the water, carbon, and energy cycles at an hourly time step. Flow in the unsaturated zone
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is modeled using the Richards' equation, with soil water retention properties based on the Van Genuchten equation [Van Genuchten, 1980] and parameterized using the textural classes of Carsel and Parrish [1988] . For a detailed description of AgroIBIS-VSF, the reader is referred to Soylu et al. [2014] .
Model Input Data and Validation
Required input data for AgroIBIS-VSF include meteorological data, soil texture, and water table depth input as a pressure head bottom boundary condition. Groundwater and soil texture data were all collected specifically for our field site as described in section 2.2. Meteorological data were collected from two sources. The first is on-site monitoring equipment. An Onset HOBO U23 Pro v2 temperature (T) and relative humidity (RH) sensor was installed at the edge of the field site at a height of 3.5 m about the ground surface on 4 May 2012. An Onset HOBO RG-3 tipping bucket rain gauge was also installed at the site on 17 May 2013 to record precipitation (P). Both HOBO data loggers recorded data at 15 min intervals. The second meteorological data source is the automated weather station at UW-Madison's Arlington Agricultural Research Station, which is 2.75 km NE of the study site and collects half hourly data (43.318N, 89.388W; hourly before 1999; http://agwx.soils.wisc.edu/uwex_agwx/awon). This was used to collect incoming shortwave radiation (SW) and wind speed (W), as well as T, RH, and P when on-site data was not being collected. Using this same set of input data, we calculated growing season (1 May to 31 October) reference evapotranspiration (ET 0 ) using the UN FAO version of the Penman-Monteith equation [Allen et al., 1998 ]. Meteorological and groundwater data were downsampled to an hourly time step to correspond to the AgroIBIS-VSF time step. Additional management data such as the planting and harvest dates and hybrid growing degree day (GDD) requirements were provided as inputs to AgroIBIS-VSF when known (2012 and 2013 growing seasons).
AgroIBIS-VSF was originally developed and validated at the nearby Arlington Agricultural Research Station, 2.75 km to the NE, by Soylu et al. [2014] . To ensure realistic performance at our field site, a detailed calibration was performed at 3 soil monitoring sites (Figure 2a ), situated at deep groundwater/coarse soil (SM-D), medium groundwater and soil texture (SM-M), and shallow groundwater/fine soil (SM-S). SM sites were installed after planting on 15 May 2013, and removed on 9 October 2013. We used three sources of data at each of the SM sites for this calibration:
1. Soil moisture collected at 15 min intervals and downscaled to hourly time steps from four depths: 10, 35, and 65 cm at all SM sites, and 90 cm for site SM-D, 110 cm for SM-M, and 125 cm for SM-S. 2. Soil temperature at the same locations, depths, and intervals as soil moisture. 3. Approximately weekly leaf area index (LAI) measurements collected at the same three sites using a Li-Cor LAI-2200 Plant Canopy Analyzer [Welles and Norman, 1991] .
To calibrate the model, we estimated porosity and residual water content based on identified maxima and minima in soil moisture time series for each site, then varied soil water retention parameters (saturated hydraulic conductivity and the fitting parameters n and alpha) from initial estimates provided by the Rosetta pedotransfer function [Schaap et al., 2001] following Luo and Sophocleous [2010] . Once this detailed calibration was complete, a validation was carried out at the 61 soil sampling points within the field ( Figure  2b ; see section 2.2.4). At each of these sites, the measured (for the nine well sites) or interpolated (for the other 52 sites) 2013 groundwater levels and Rosetta-estimated Van Genuchten retention parameters (porosity, residual water content, n, and alpha) were used as model inputs, and modeled yield was compared to combine-measured grain yield.
Model Simulations
The validated AgroIBIS-VSF model was used for two suites of simulations. The first, intended to examine the co-occurring influence of WTD and soil texture on yield specifically at our study site, was based on the 61 points with detailed soil and WTD data used for validation (section 2.3.2). At each of these 61 points, two simulations in addition to the validation simulation were conducted: (1) a simulation using the Rosettaestimated soil retention parameters but a free drainage groundwater condition, intended to isolate the influence of shallow groundwater, and enable the calculation of the groundwater yield subsidy; and (2) a simulation using interpolated WTD for each site but uniform soil retention parameters for silt loam [Carsel and Parrish, 1988] , designed to isolate the influence of soil texture on yield. The second suite of simulations was a factorial experiment to explore the primary controls over the occurrence and magnitude of the groundwater yield subsidy in more generalizable manner. (Figures 2c and 2d ) are relatively consistent from year-to-year. There are several persistent and striking patterns. The first is a series of relatively linear regions with low yield extending NNW from the southern edge of the field; these are small glacial moraines that cut through the field and are areas of high elevation, deep groundwater, and coarse soil texture. Another region in the NW corner of the North Field performs poorly in both years, which corresponds to a rocky section of soil. In the SE corner of the field, there is a basin that performs fairly well in both years (though with some reductions in 2013 yield), which corresponds to a region with fine-grained soils and shallow groundwater. To identify drivers of yield variability on a field scale, we separately analyze the influence of shallow groundwater and soil texture on normalized yield.
We find that shallow groundwater exerts a more important control during dry growing seasons than wet (Figure 4) . In 2012, a year characterized by extreme drought during the critical reproductive period of plant growth (Figure 2e ), there is a clear negative correlation between yield and WTD, as shallow groundwater provides a groundwater yield subsidy in areas where it is closer to the bottom of the root zone. As described in section 2.2.3, 2013 WTD is being used as a proxy for 2012 WTD, meaning that absolute values for the 2012 yield-WTD relationship are not valid, but trends and patterns (e.g., shallow versus deep groundwater) are reliable. Due to the extreme drought in 2012, the water table never rose above the land surface and WTD was >1 m across the entire study area during the reproductive phase of corn growth. As such, we see no evidence of a groundwater yield penalty in 2012, indicating that even in fields with shallow groundwater, the oxygen stress component of our hypothetical model (Figure 1) is not substantial in every growing season.
There is no observed relationship between WTD and yield during the 2013 growing season (Figure 4) . The 2013 growing season was characterized by heavy early-season rainfall (Figure 2f ) which produced flooding and negative high 7 day mean WTDs in low-lying areas (Figure 2b ), followed by lower-than-average rainfall from mid-July through the end of the growing season. This led to a mixed relationship between WTD and productivity. During the vegetative period, groundwater yield penalties dominated as heavy rainfalls caused the water table to rise and saturated the root zone, leading to oxygen stress; later in the growing season, however, sections of the field with a shallow water table received a groundwater yield subsidy during the grain-filling stage of crop development. This interpretation is supported by field LAI measurements (not shown) indicating that LAI at our shallow groundwater soil monitoring site, SM-S, is suppressed early in the growing season relative to SM-M but maintains peak LAI for longer. These results indicate that there is both Katerji and Mastrorilli [2009] found the opposite. Our study site shows a relatively bimodal distribution of soil types, in which soils are either highly sandy (40% sand) or sand-free. This is primarily driven by the glacial history governing the distribution of soil types over the field (section 2.1). Coarse soils are found in high-elevation regions, but at lower elevations the coarse soils are overlain by topsoil of variable thickness, which is primarily fine-grained silts and silt loams. We find, in general, a weakly positive relationship between yield and soil textural parameters related to water retention (percent clay and porosity, R 2 5 0.11-0.15) and a moderate negative relationship between yield and percent sand (R 2 5 0.46-0.47), which may be associated with rapid drainage.
The relationship between each soil textural parameter and yield is largely consistent between years in both slope and fit, which implies that the soil texture does not drive a different response to drought. This finding is in contrast to the results of Machado et al. [2002] , who found increased yield response to soil texture during drought conditions; one feasible explanation is that the response varies in opposite directions over the field (e.g., wet conditions that reduce the yield of some regions drive an increase of similar magnitude elsewhere) independent of soil type. These results may also indicate that clay soils, which generally have a higher drought tolerance [He et al., 2013] , are simply never exposed to sufficiently wet conditions in 2013 to drive oxygen stress except in portions of the field where groundwater is shallow, and therefore are experiencing high yield due to drought resistance in 2012 and continued high yield due to a lack of water or oxygen stress at most sampling points in 2013.
Drivers of Year-to-Year Sensitivity
Visually, sensitivity classes shown in Figure 3b appear to be associated with many of the yield patterns discussed in section 3.1.1. The WTD distributions of different sensitivity classes confirm our hypothesis that shallow groundwater can provide a subsidy or penalty, depending on the growing season ( Figure 6a ). As 
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WTD increases, we move from a water-excess regime (wet sensitive) and a sufficient-water regime (consistently strong and consistently medium) to a water-limited regime (drought sensitive and consistently poor).
There is a statistically significant difference in high 7 day mean WTD among all classes except between consistently medium and drought sensitive, which may be due to the diffuse nature of these two classes over both fields (Figure 3b ). These results indicate that regions with very shallow groundwater experience more oxygen stress and a groundwater yield penalty during wet growing season conditions but are buffered from drought during dry growing seasons, while intermediate groundwater levels corresponding to the optimum WTD receive a groundwater yield subsidy and perform well in both wet and dry years. Critically, this finding indicates that draining areas with shallow WTD (a common management strategy over much of the Corn Belt) may reduce drought resistance, which is particularly concerning as drought frequency is projected to increase over much of the North American corn-growing region [Dai, 2013] . As WTD gets deeper, the lack of groundwater availability leads to an increased likelihood of drought stress and consistently poor yield, which have been observed in higher elevation regions from year to year in previous studies but not attributed to groundwater availability [Bakhsh et al., 2000] .
The sensitivity class framework gives us insight into some of the seemingly contradictory soil texture-yield relationships discussed in section 3.1.1, though the differences between most sensitivity classes are not statistically significant due to small sample sizes (Figure 6b ). Finer-grained soils appear correlated with increased stress resistance (consistently strong and consistently medium classes) and excess moisture stress (wet sensitive class), while consistently poor samples are significantly sandier than any of the other soil textural classes and coarser soil texture also appears to be correlated with the drought sensitive class. The distribution of classes indicates that the influence of soil texture tends to reinforce patterns discussed related to WTD-the most stress resistant classes (consistently strong and consistently medium) have the finest soil texture and are better able to retain soil moisture during drought, while more rapidly draining coarse soils are more drought sensitive and consistently poor.
Covariation between soil texture and WTD at our study site (Figure 7 ) is likely to cause compounding effects on yield depending on climate, and allows us to investigate the interactions between static (soil texture) and dynamic (WTD, weather) factors. For example, low-lying areas will be more resistant to drought but more susceptible to oxygen stress due to higher soil water retention and a shallower water table than higher-elevation areas; therefore, differences observed between areas with similar WTD and/or soil textures Figure 6 . Box-and-whisker plots of (a) 2013 high 7 day mean WTD, ordered from shallowest to deepest median value, with the land surface marked by a dashed line; and (b) median particle size, ordered from smallest to largest median value with sand/silt and silt/clay boundaries marked by dashed lines for each of the sensitivity classes described in Figure 3 . Hinges on plots correspond to median for each class, box boundaries are equal to the interquartile range (IQR) and whiskers extend to 1.5 3 IQR. Different letters above each box indicate statistically significant differences between classes at the p < 0.05 level using a pairwise t-test. Plots using other WTD or soil metrics show similar patterns to these results. These results indicate that our sensitivity classification technique may be an effective tool to divide a field into management zones with similar behavior, which is a common technique in precision agricultural management [Schepers et al., 2004; Mzuku et al., 2005] . Sensitivity classification enables management decisions to be made in subsequent years based on patterns in precipitation, seasonal weather forecasts, and what stressor (oxygen stress versus water stress) is of greater concern for a given year without requiring additional monitoring of soil texture or WTD.
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3.2. Model-Based Separation of Co-occurring Effects of WTD and Soil Texture on Yield 3.2.1. Model Calibration and Validation As described in section 2.3.3, the model was calibrated with detailed data from three different points intended to be inclusive of the entire range of both WTD and soil texture within our field sites. SM-D has deep groundwater (WTD > 5 m) and coarse soil, SM-M has intermediate WTD (2 m < WTD < 4 m) and intermediate soil, and SM-S has fine soil and shallow groundwater (WTD < 2 m). The results of our calibration for each site and each variable (LAI, soil moisture, soil temperature) are shown in Figure 8 . Our calibration data sets were selected to test the model's simulation of crop growth (LAI) and the movement of water and energy into the subsurface (soil moisture and temperature).
The LAI curves for each site (Figure 8 ) match the seasonal pattern of plant growth well, including both the vegetative period of plant development (ramp-up in early growing season) as well as the LAI during the critical reproductive period (maximum amplitude), though the model underestimates the onset of senescence at the end of the growing season, leading to a RMSE of 0.45 m 2 m 22 at sites SM-M and SM-S. LAI is captured better at site SM-D, where rocky soil contributed to a reduced planting density and lower LAI than the other sites. Comparison between modeled and observed soil moisture indicates that soil moisture dynamics are well-simulated at our study site, with Nash-Sutcliffe Efficiency (NSE) values falling into the ''very good'' performance category at 4 of 12 tested sites and depths (hereafter ''sites/ depths''), ''good'' at an additional 3 sites/depths, and ''satisfactory'' at another 3 sites/depths according to the criteria outlined in Moriasi et al. [2007] . The remaining 2 sites had NSE > 0 (0.384 and 0.447), indicating the model performs acceptably across all sites/depths tested. Modeled RMSE are also <0.05 m 3 m 23 for all sites/depths, and <0.03 m 3 m 23 at 10 of 12 sites/depths. There is no bias toward better performance at the beginning or end of the growing season, and both the timing and approximate magnitude of wetting fronts are generally well captured. Soil temperature is also effectively simulated at our study site, with an RMSE 38C at only one site/depth. At all sites/depths the model has excellent fits for 10 cm soil temperature early in the growing season, when the accurate simulation of soil temperatures is critical for Figure 7 . Covariance of WTD and soil texture at our field site, which would tend to have reinforcing effects. For example, finer grained soils and shallower WTD would both promote drought resistance during dry years and increase risk of oxygen stress during wet years.
Water Resources Research ZIPPER ET AL. YIELD, GROUNDWATER, SOILboth early season crop growth and accurate simulation of the soil surface energy budget [Wesseling, 1974; Soylu et al., 2014] . Later in the growing season, after the canopy is full, AgroIBIS-VSF tends to slightly underestimate the soil temperature near the surface, though agreement deeper in the soil column improves. Throughout the growing season, AgroIBIS-VSF successfully captures trends and dynamics of all variables at both a daily and longer scale.
Model validation using yield ( Figure 9 , filled circles only) also indicates a reliable model performance. The model performs well across a range of yield conditions and produces an RMSE < 2.5 Mg ha 21 , which is <20% of the observed range in yield. The plateau at the high end of modeled yield (13.75 Mg ha 21 ) corresponds to yield for the typical fine-grained topsoil at our field site (Figure 9b) . We attribute the model's reduced ability to reproduce observed yield variability at these fine-grained sites to underestimated variability in estimated soil water retention parameters due to both surface and subsurface soil heterogeneity, which are substantial at our field sites due to the glacial history of the area, and errors inherent in the use of pedotransfer functions. Both of these sources of error reduce our ability to accurately parameterize soil water retention parameters, which are a critical component of model performance [Soylu et al., 2011; de Jong van Lier et al., 2015] . Overall, however, AgroIBIS-VSF is able to adequately simulate yield across the entire observed range of soil textures and WTD, and generalized trends (e.g., deep versus shallow groundwater, fine versus coarse soil) are captured well.
Simulating the Groundwater Yield Subsidy and Optimum WTD
We find substantial variability in the groundwater yield subsidy at our field site, but groundwater exerts a positive influence more frequently than negative. We have two sets of simulations that allow us to quantify the groundwater yield subsidy. The first is based on simulations of 61 points within our field with and without groundwater for the 2013 growing season and allows us to estimate the received groundwater yield subsidy at each point. In Figure 9a , the vertical lines correspond to the difference between yield in the presence of observed groundwater conditions and yield in free drainage conditions (open squares in Figure 9a ), which we previously defined as the groundwater yield subsidy. There is a wide range of observed groundwater yield subsidies, from 20.68 Mg ha 21 to 3.76 Mg ha 21 (26.9 to 56.0% change from free drainage), Figure 9 . Plot of 2013 validation results (both plots), influence of WTD on yield (a), and influence of soil texture on yield (b). Filled circles represent agreement between observed yield and modeled yield with estimated retention parameters and interpolated WTD (referred to as GW 1 Soil). RMSE and NRMSE for validation are shown in Figure 9a and the dashed line corresponds to a 1:1 agreement. Vertical lines in Figure 9a connect the modeled yield under GW 1 Soil conditions to the modeled yield under free drainage conditions with estimated soil parameters (squares), and therefore the length of the line is equivalent to the groundwater yield subsidy and differences in free drainage yield are due to soil texture variability. Colors in Figure 9a correspond to the 2013 high 7 day mean WTD. Vertical lines in Figure 9b connect the modeled yield under GW 1 Soil conditions (same as in Figure 9a ) to the modeled yield with interpolated WTD and silt loam soil (diamonds). The length of the line in Figure 9b is equivalent to the influence of soil texture variability on yield, and differences in the silt loam yield due to variability in WTD. Colors in Figure 9b correspond to percent sand of the soil sample.
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with groundwater contributing to a mean increase of 1.86 Mg ha 21 (18.2%) across all sites. This indicates that the majority of the field experienced a benefit from shallow groundwater even during 2013, a wet growing season. We attribute this to the timing of the excessively shallow groundwater flooding, which was primarily early in the growing season. Though corn is more sensitive to wet conditions in early vegetative stages of development [Ahmad and Kanwar, 1991; Zaidi et al., 2004] and flooding stunted growth and killed plants in localized sections of the field leading to wet sensitivity (Figure 3 ), the damage occurred early enough in the growing season that most plants were able to recover and generate full canopies by harvest time. The same regions then had increased water availability due to shallow WTD and less stress during the reproductive period, which is more critical from a yield perspective [Robins and Domingo, 1953; NeSmith and Ritchie, 1992a,b; Çakir, 2004; Hammad et al., 2012] . Interestingly, this is in direct conflict with view of many landowners in this area, who perceive shallow groundwater and the accompanying flooding risk as an exclusively negative impact on production (Anonymous, personal communication). Our simulations do not, however, take into account land removed from production due to overly wet soil at planting, which can be substantial in poorly drained regions.
To study the role of groundwater in a more generalizable manner, a factorial experiment was used to simulate a wide range of temporally constant WTD across three soil types. Figure 10a demonstrates the output for a drought year (2012) where we expect the influence of shallow groundwater to be especially evident.
Yield across the range of WTD shows a clear pattern with three distinct zones of influence for each soil, corresponding with our hypothetical model (Figure 1 ). At very shallow WTD, yield is suppressed substantially due to excess moisture and oxygen stress in the root zone, leading to yield below free drainage and a groundwater yield penalty (blue shading). At a depth of 0.3-0.5 m, yield begins to exceed free drainage yield, and our modeled WTD-yield interaction flips from a groundwater yield penalty to a groundwater yield subsidy (green shading). The groundwater yield subsidy increases to a maximum at a depth defined as the optimum WTD (in this example, 0.6, 0.8, and 0.9 m for sandy loam, loam, and silt loam, respectively), where the maximum groundwater yield subsidy occurs (3.82, 3.60, and 1.66 Mg ha 21 ). As WTD continues to increase, the influence of groundwater gradually recedes (red shading) and yield asymptotes at the free drainage yield. We also see that the boundaries between oxygen stress, optimum WTD, and no groundwater influence shift deeper in finer soils. Our results help explain previous research on interactions between WTD and crops, which categorized yield-GW interactions into three categories. Nosetto et al. [2009] , while looking at corn, wheat, and soybeans, found that the optimum WTD generally has a 1 m range in which yield is similar, above, and below which reduced yield occurs. Similarly, Kang et al. [2001] found little difference in ET rates of LAI for both corn and wheat for WTD from 1.0 to 2.5 m. Benz et al. [1978] found little difference in yield between medium (1.8-2.4 m) and deep (2.0-2.5 m) WTDs for corn, sugarbeet, and alfalfa. These results can be explained by our modeling output, which demonstrates that WTD exhibits a threshold behavior where WTD exerts no influence until it is shallower than the extinction depth, which is the depth below which no portion of plant water use comes from the shallow water (which is the modeled free drainage yield for silt loam soil in 2013), and those centered around 11.5 Mg ha 21 (which received a groundwater yield subsidy in the silt loam simulation). This illustrates the critical role of soil in regulating the existence and magnitude of the groundwater yield subsidy, as the majority of the sites would have experienced little to no groundwater influence in 2013 had they been silt loam.
Results from our factorial experiment indicate that both the optimum WTD and the groundwater yield subsidy are controlled by a combination of soil texture and growing season weather. While previous studies have demonstrated that the extinction depth is deeper when soil texture is finer or rooting depth is deeper [Shah et al., 2007; Heuvelmans, 2010] , variability in optimum WTD in response to growing season weather conditions is poorly known. Florio et al. [2014] show that in areas with groundwater at the optimum WTD, yield is fairly insensitive to growing season precipitation. Lysimeter experiments have found that the magnitude of groundwater contribution to yield is influenced by the amount of rainfall during a growing season [Mueller et al., 2005] , particularly in years with oxygen stress [Mukhtar et al., 1990] . We reconcile these results by demonstrating that the soil texture affects the probability of receiving a groundwater yield subsidy, the magnitude of the subsidy received, and the depth at which the optimum WTD occurs. Figure 10b shows the optimum WTD for three different soil types for the subset of years where the groundwater yield subsidy at optimum WTD causes a 10% increase in yield, relative to free drainage conditions. Sandy loam soil receives a groundwater yield subsidy >10% in 22 of 28 years, while loam and silt loam receive a groundwater yield subsidy of this magnitude in only 17 and 13 years, respectively.
Each soil texture has a different but slightly overlapping range of optimum WTD, which becomes deeper as the soil texture is finer. In most years, the optimum WTD in sandy loam ranges from 0.5 to 0.7 m, while loam ranges from 0.7 to 0.9 and silt loam is from 0.8 to 1.0 m. Our optimum WTD results for sandy loam largely agree with the results of Heuvelmans [2010] , who determined an optimum WTD for corn on sand of 0.25-1.0 m in Belgium. For a given growing season, the magnitude of the groundwater yield subsidy at the optimum WTD also tends to be smallest in the fine-grained silt loam soils, supporting our field results indicating that the potential benefits of shallow groundwater are strongest in soils with the weakest ability to retain water. These results indicate that the critical range of WTD within which the influence of water table variability on overall productivity and other land surface processes is largest [e.g., Kollet and Maxwell, 2008; Maxwell and Kollet, 2008] is governed by both soil texture and growing season weather conditions. This has important implications for the design of drainage water management (also known as controlled drainage) and subirrigation systems, which rely on holding the water table at an elevated level to retain water in the root zone [Ayars et al., 2006a; Adeuya et al., 2012; Skaggs et al., 2012] .
We also find that the growing season weather conditions exert a strong and predictable control over the optimum WTD. As the ratio of May-October precipitation to ET 0 (P/ET 0 ) gets closer to 1.0, the optimum WTD gets deeper, which indicates that crops are more vulnerable to oxygen stress in shallow groundwater settings in years with more precipitation and/or reduced evapotranspirative demand. The groundwater
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yield subsidy also tends to be both rare and quite small once growing season precipitation exceeds ET 0 . Of the 12 growing seasons with a P/ET 0 1.0, simulations with sandy loam soil experience a groundwater yield subsidy 10% in 8 years, compared to 3 years for loam and 2 years for silt loam. In contrast, simulations with both sandy loam and loam soils experience a groundwater yield subsidy 10% in 14 of the 16 years where P/ET 0 1.0, and silt loam 11 of 16 years. These results indicate that, regardless of soil texture, groundwater yield subsidies are more frequent when P/ET 0 is lower, explaining the strong yield response to shallow groundwater observed in 2012 (dry) but not 2013 (wetter) shown in Figure 4 . In previous studies, relationships between water availability and yield are also found to be stronger in dry years than wet [Kumh alov a et al., 2011] . However, the dependence of the groundwater yield subsidy on growing season precipitation may explain why, as noted by Skaggs et al. [2012] , previous work has found mixed results regarding the effectiveness of an elevated water table due to drainage water management on yield [Tan et al., 1998; Drury et al., 2009; Cicek et al., 2010; Cooke and Verma, 2012] .
Conclusions
Overall, we find that a shallow water table can provide either a groundwater yield subsidy or groundwater yield penalty to agricultural production, and that interactions between groundwater and yield are controlled by soil texture and growing season weather conditions. Shallow groundwater is able to provide a groundwater yield subsidy during dry years, though this can also lead to negative yield impacts during wet years. Most importantly, at intermediate groundwater levels observed corn yield is consistently strong across both wet and dry growing seasons, indicating that groundwater can play a critical role in creating consistently high-yielding agroecosystems when the water table can be maintained near the optimum WTD. The optimum WTD is controlled by both soil texture and the growing season P/ET 0 . This has critical implications for the sustainable management of water table depths in agroecosystems, and suggests that drainage and subirrigation systems should be designed and managed with both the soil texture and the growing season weather conditions in mind. As WTD increases beyond the optimum WTD, both field and modeling results indicate that the role of groundwater diminishes and crops are forced to rely entirely on precipitation and stored soil moisture to meet water needs. As groundwater becomes deeper, the ability of root zone soils to retain water that falls as precipitation plays a critical role in determining the potential yield for a crop, and therefore finer soil textures tend to receive a groundwater yield subsidy less frequently than coarser-grained soils and optimum WTD is deeper.
Conceptually, this points to a framework in which static factors (such as soil texture), slowly-changing dynamic factors (WTD) and highly variable factors (weather) must be considered simultaneously when making management decisions. While soil texture may be used to define the potential yield for a region, the ability of a crop to reach that potential is controlled by the availability of water and the interactions between precipitation, soil moisture, and shallow groundwater. These results illustrate a critical trade-off between drought resistance and susceptibility to oxygen stress, particularly in fine-grained soils. To maximize productivity in dry years, a high water table is advantageous to supply water when rainfall is insufficient to meet plant water demands; however, this can make the plant more vulnerable to oxygen stress during heavy rainfall events. At our field site, however, shallow WTD leads to a groundwater yield subsidy far more often than a penalty, and shallow groundwater can generally be thought of as a benefit, particularly at locations with coarse-grained soil. 
